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• The 675 wind farms in China exhibiteda 

consistent pattern of nighttime warming 

and daytime cooling in LST. 
• Vegetation index decreased due to wind 

farm construction and recovered over 

time. 
• Wind farm impacts on LST and vegeta- 

tion varied by land cover type. 
• Land cover distributions contributed to 

the latitudinal variations of nighttime 

LST impacts. 
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a b s t r a c t 

The rapid development of wind energy in China since 2000 has raised concerns about its impacts on local cli- 

mate and vegetation. Despite regional and local studies, a comprehensive national assessment is lacking. Here, 

we analyzed the effects of 675 onshore wind farms, representing > 90,000 identified wind turbines in China, on 

land surface temperature (LST) and vegetation using Moderate-resolution Imaging Spectroradiometer (MODIS) 

satellite data from 2003 to 2022. We found a daytime cooling effect of -0.05 ± 0.48 °C (mean ± STD) and a 

nighttime warming effect of 0.06 ± 0.28 °C across all wind farms. The construction of wind farm infrastructure 

initially reduced peak normalized difference vegetation index (NDVI) by -0.006 ± 0.036, and this adverse impact 

weakened over time (-0.004 after 7 years), indicating vegetation recovery. The wind farm impacts varied by land 

cover type. The nighttime warming was largest for barren lands (0.19 °C), followed by croplands (0.10 °C), grass- 

lands (0.07 °C), and forests (0.01 °C). These differences contributed to increasing night warming from southern 
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. Introduction 

To mitigate climate change and reduce carbon emissions from fossil
uels, countries worldwide have been accelerating the growth of renew-
ble energy, particularly wind and solar power. With 1,174 gigawatts
f installed capacity by the end of 2024, the world’s wind power capac-
ty now meets around 10 % of global electricity demand ( World Wind
nergy Association, 2025 ). China has played a dominant role in global
ind power development, with fast growth since the beginning of the
1st century. China’s cumulative installed wind power capacity reached
61 gigawatts by 2024, accounting for 47.8 % of the global total and
anking among the highest annual growth rate (18.3 %) among major
arkets ( World Wind Energy Association, 2025 ). 

Despite the benefits of carbon reduction, wind energy develop-
ent has ecological and climatic consequences through the construc-

ion and operation of wind farms. Research has explored wind farm
mpacts at local, regional, and global scales through field observations
 Armstrong et al., 2014 ; Baidya Roy and Traiteur, 2010 ), remote sens-
ng ( Luo et al., 2021 ; Roy et al., 2004 ; Zhou et al., 2012 ) and numer-
cal model simulations ( Fiedler and Bukovsky, 2011 ; Li et al., 2018 ;
iller and Keith, 2018 ; Pan and Archer, 2018 ). Wind turbines, estab-

ished as momentum sinks and turbulence sources, enhance the mixing
f the atmospheric boundary layer through the rotation of their blades,
ringing air from the upper layer to warm the surface ( Armstrong et al.,
014 ; Baidya Roy and Traiteur, 2010 ; Zhou et al., 2012 ). The surface
arming effect is stronger under stable atmospheric conditions, for ex-
mple, at night ( Zhou et al., 2012 ), since the potential temperature in-
reases with height under stable boundary layer conditions. During the
ay, with vigorous convection activities, the turbulence generated by
he blades is negligible relative to the background turbulence, and the
irflow brought down may not be able to heat the ground surface. Gen-
rally, a strong warming effect at night and a weak cooling effect during
he day occur, regardless of location around the world and the choice
f method ( Liu et al., 2022 ; Miller and Keith, 2018 ; Qin et al., 2022 ;
aidya Roy and Traiteur, 2010 ; Slawsky et al., 2015 ; Tang et al., 2017 ;
u et al., 2019 ; Zhang et al., 2023 ). For example, using MODIS remote

ensing data, Zhou et al. (2012) found that the land surface temperature
n the wind farm area of Texas, US, increased by 0.31–0.71 °C at night,
ut no noticeable change was observed during the day. Moreover, the
agnitude of surface temperature changes induced by wind farms is re-
ortedly related to wind speed, as the highest wind speed in a western
exas wind farm was found to explain the strongest night warming in
ummer ( Zhou et al., 2013 ). 

Studies have also explored the seasonal variations in temperature ef-
ects of wind farms. Zhou et al. (2013) analyzed the daily and seasonal
ariations of wind farm impacts and found that their influence on tem-
erature was greater in summer than in winter. Chang et al. (2016) an-
lyzed the MODIS LST at the Guazhou wind farm in China from 2005
o 2012 and reported the strongest warming during the summer night
0.51 °C). Another study in west-central Texas found that the turbine-
nduced turbulence relative to the background turbulent kinetic energy
TKE) can explain most of the diurnal and seasonal variations in night-
ime LST effects ( Xia et al., 2016 ). 

Wind farms across different land cover types showed distinct night-
ime warming effects ( Qin et al., 2022 ). Most studies include only a lim-
ted number of land cover types, and few provide comparisons across di-
erse land cover types. The primary focus of existing studies in China is
2

egetation impacts were largest for forests (-0.010), followed by grasslands (-

 with croplands (0.001) being almost unaffected. Correlation analysis identified

ignificant factors influencing spatial variations in nighttime LST impact, with

cing night warming. Our large-scale analysis provides comprehensive evidence

tal impacts of wind farms across China, informing the sustainable development

n deserts, grasslands, and croplands, with the strongest warming effect
ften found in deserts ( Chang et al., 2016 ; Liu et al., 2024 , 2023 , 2022 ;
uo et al., 2021 ; Su et al., 2024 ; Wang et al., 2019 ; Zhang et al., 2023 ).
esearch on forest wind farms has also emerged in recent years, focus-

ng on fine-scale impacts or the influence of complex terrain ( Li et al.,
024 ; Ma et al., 2023 ; Xia et al., 2025 ). 

Wind turbines in operation can alter air temperature and humidity,
ith potential consequences for soil moisture and fertility, both of which
ffect local vegetation growth ( Diffendorfer et al., 2022 ; Luo et al., 2021 ;
u et al., 2019 ). It is reported that reduced soil moisture caused by the
arming effects of wind farms in Northern China may decrease vegeta-

ion in arid and semi-arid regions ( Liu et al., 2024 ; Tang et al., 2017 ;
ang et al., 2023 ). Furthermore, remote sensing analysis of the Bashang
ind farm in northern China revealed inhibitory effects on vegetation

n summer due to suppressed soil moisture and exacerbated water stress
 Tang et al., 2017 ). In contrast, another field study in China’s Gobi desert
ound greater plant physiological state, higher plant density, and higher
bove-ground biomass in wind farm areas ( Xu et al., 2019 ). 

Wind farms also directly affect local vegetation during construc-
ion. Road construction and wind turbine installations break the sur-
ace morphology and remove vegetation, resulting in reduced vege-
ation and barren soil ( Aksoy et al., 2023 ; Li et al., 2024 ; Ma et al.,
023 ; Urziceanu et al., 2021 ). The destruction of vegetation can lead to
hanges in soil physical and chemical properties ( Li et al., 2024 ), thereby
educing soil fertility and affecting vegetation growth. Although these
irect effects are confined to wind farm locations ( Aksoy et al., 2023 ),
hey may have long-lasting impacts on vegetation growth and plant di-
ersity. A field survey in Romania revealed that species richness, af-
ected by wind power construction, did not recover after 10 years of
estoration and protection ( Urziceanu et al., 2021 ). However, the long-
erm vegetation recovery has been observed in wind farms in Hebei and
unan, China ( Li et al., 2024 ; Luo et al., 2021 ). The indirect impacts on

ocal vegetation through changes in microclimate are compounded with
irect impacts, making them difficult to distinguish ( Diffendorfer et al.,
022 ; Qin et al., 2022 ; Tang et al., 2017 ). Given these inconsistent find-
ngs, it is necessary to assess the effects on vegetation and their vari-
tions by studying additional wind farms with different attributes and
perating in different climatic and geographic environments. 

Existing studies in China have primarily focused on individual or a
ew large wind farms at local or regional scales (e.g., Northern China),
ielding inconsistent results ( Liu et al., 2021 ; Xia et al., 2016 ; Xu et al.,
019 ; Zhang et al., 2023 ). A comprehensive assessment for China re-
ains lacking ( Liu et al., 2023 , 2022 ; Tang et al., 2017 ; Wang et al.,
019 ). Remote sensing satellites such as MODIS and Landsat offer vari-
us data products for land cover, land surface temperature, and vegeta-
ion index, which enable monitoring of land cover changes, wind farm-
nduced local climate and vegetation impacts at regional and global
cales ( Hou et al., 2025 ; Li et al., 2024 ; Liu et al., 2023 , 2022 ; Luo et al.,
021 ; Qin et al., 2022 ). This study aims to quantify the impacts of 675
ind farms on land surface temperature and vegetation in China, us-

ng MODIS data, and to explore spatial patterns and driving factors.
pecifically, we first quantified the impacts of wind farms on land sur-
ace temperature, their seasonal variations, and their dependence on
and cover. Next, we analyzed peak NDVI to assess the impacts of wind
arms on different vegetation types and their recovery over time. Fi-
ally, we conducted correlation analyses to explore the environmental
actors influencing spatial patterns of wind farm impacts in China and
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o provide explanations for potential mechanisms. Our comprehensive
ational-level assessment, utilizing wind farm samples from diverse cli-
ate zones and vegetation types, can enhance the representativeness of

he detected wind farm impacts. 

. Materials and methods 

.1. Data 

.1.1. Wind turbine data 

The geographical locations of wind turbines used in this study were
xtracted from the GF1/2 data in 2019 using the deep learning ob-
ect detection algorithm You Only Look Once (YOLO) ( Redmon et al.,
016 ). YOLO has been demonstrated to accurately detect the position of
 wind turbine from images with multiple backgrounds and resolutions
 Zhai et al., 2024 ), enabling the identification of more than 90,000 in-
ividual turbines in China. These wind turbines were first aggregated
nto 869 clusters using a Density-Based Spatial Clustering of Applica-
ions with Noise (DBSCAN) algorithm from the scikit-learn package in
ython, with the criteria of 1) the distance between each turbine must
e smaller than 0.1°, and 2) a minimum of 5 turbines for each wind farm
luster. Each wind turbine cluster was treated as a wind farm. 

All wind farm clusters were visually verified using Google Earth im-
gery to remove misclassified clusters, resulting in a total of 814 verified
ind farms. The construction year of each wind farm was manually de-

ermined by the timestamps of two Google Earth images: the earliest
ne in which wind turbines first appeared and the next available one in
hich over half of the turbines were constructed. Since the identified

imestamps may span several years, the middle year between the two
as assigned as the wind farm’s build year of. Due to blurring, missing,
nd cloudy images, only 678 wind farms were assigned valid construc-
ion years from 2006 to 2020. After discarding three wind farms that
isplayed null LST and NDVI values, 675 wind farms were retained for
nalysis (Table S1 in the Supplementary materials). 

.1.2. Land cover data 

This study used MODIS land cover data from 2019 (MCD12Q1.061)
ased on International Geosphere-Biosphere Program (IGBP) classifica-
ions at 500 m resolution, obtained from Google Earth Engine (GEE). To
etermine the land cover type for each wind farm, we extracted the land
over at each turbine location and used the majority type as the wind
arm’s land cover. The extracted 13 IGBP land cover types were grouped
nd reclassified into 6 types: barren, croplands, grasslands, forests, wet-
ands, and impervious surfaces (Table S2 in the Supplementary materi-
ls). 

.1.3. Environmental and climatic data 

We obtained LST, NDVI, and other environmental data from GEE.
he MODIS LST data product from Aqua (MYD11A2.061), which has a
patial resolution of 1 km and a temporal resolution of 8 days, was used
o quantify the impacts of wind farms on land surface temperature. The
ODIS NDVI data product from Aqua (MYD13A2.061) at 1 km resolu-

ion with a 16-day temporal resolution was used to quantify vegetation
mpacts. Additionally, MODIS LST and NDVI data products from Terra
atellite (MOD11A2.061 & MOD13A2.061) were used to verify the re-
ults. The MODIS LST data include two local overpass times, 1:30 and
3:30 for Aqua and 10:30 and 22:30 for Terra. We used the LST product
rom the Aqua satellite to approximate the maximum and minimum tem-
eratures of a day. The average NDVI from the Aqua and Terra satellites
as computed to reduce data uncertainty. Both LST and NDVI datasets

pan from 2003 to 2022. 
To explore the spatial variations in wind farm impacts, we selected

everal climate variables as candidate influencing factors, including
recipitation and evapotranspiration from the ERA5 Land reanalysis
 Hersbach et al., 2020 ), with a spatial resolution of 0.1° and covering
he period from 2003 to 2022. Since there were only 10 m wind velocity
3

ata available on GEE in ERA5 Land reanalysis, to be more consistent
ith the height of the wind hub, we chose wind velocity at 50 m from

he Modern-Era Retrospective analysis for Research and Applications
ersion 2 (MERRA-2) datasets ( Gelaro et al., 2017 ) with a spatial res-
lution of 0.625° by 0.5°. Digital elevation model data were from the
huttle Radar Topography Mission (SRTM) V3 at a 90 m resolution in
000. 

.2. Methods 

.2.1. Quantifying wind farm impacts 

Following Qin et al. (2022) , the wind farm impacts were quantified
y differences in changes of the variable of interest (e.g., LST or NDVI)
etween wind farm locations and their surrounding areas during a pe-
iod before and after their construction. These differences are attributed
o the influence of wind farms, assuming wind farms and their surround-
ng areas share similar background climatic and environmental condi-
ions. For each wind farm, pixels with wind turbines were identified as
he wind farm area (WF). Since wind farm impacts on LST spread down-
ind and decrease with distance, we created a buffer zone 8–10 km from

he WF as the non-wind farm (NWF) reference area (a schematic of the
WF is shown in Fig. S1 in the Supplementary materials). This reference
one was chosen based on our previous findings that the NWF, located
–10 km away, has similar climatic conditions to WF but is under min-
mal wind farm influence ( Qin et al., 2022 ). The workflow for this data
rocessing and analysis is given in Fig. S2 in the Supplementary mate-
ials. 

The wind farm impacts were quantified as the differences in LST or
DVI changes between WF and NWF during a time window centered on

he build year. Precisely, the LST impact ( ∆LST) is estimated by Eq. (1) :

LST = ΔLS TWF − ΔLS TNWF = LS TTren dWF 
× Δ𝑇 − LS TTren dWF 

× Δ𝑇 

(1) 

here ∆LSTWF and ∆LSTNWF are temporal LST changes over WF and
WF areas, respectively, which were estimated by their linear trends
er unit time ( LS TTren dWF 

and LS TTren dNWF 
) during the time window

ultiplied by the length of the time window ( ∆T ). ∆LST can be esti-
ated at annual or seasonal scales. 

For vegetation impacts, we calculated the 95th percentile of 16-day
DVI within a year as peak NDVI in the growing season and then quan-

ified wind farm impact ( ∆NDVI) following Eq. (2) , similar to ∆LST:

NDVI = ΔNDV IWF − ΔNDV INWF 

= NDV ITren dWF 
× Δ𝑇 − NDV ITren dWF 

× Δ𝑇 (2) 

Trend estimation and its time window are critical in quantifying the
mpact of wind farms. We chose a 5-year window (i.e., two years before
nd after the build year) to estimate the temporal changes caused by
ind farms. Including the build year as the middle of the time window

an capture the changes before and after the construction of a wind
arm. In contrast to subtracting the first year from the last, using trend
erms reduces the influence of interannual fluctuations. Sensitivity to
lternative time window lengths was also tested, and the results were
eported in the discussion. The trend terms were estimated using the
olyfit function, in the NumPy package of Python. Additionally, a one-
ample t -test was conducted to assess the statistical significance of the
stimated wind farm effects relative to zero. 

.2.2. Correlation analysis for spatial variations of wind farm impacts 

We conducted a Pearson correlation analysis using the scipy pack-
ge’s pearsonr function in Python to explore the spatial relationships be-
ween wind farm impacts and various environmental factors. Environ-
ental factors include turbine counts, 50 m wind velocity, longitude,

atitude, altitude, the altitude difference between WF and NWF, slope,
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Fig. 1. Spatial distribution and latitudinal variations of 675 wind farms in China. (a) Spatial distribution of 675 wind farms in China. The size of the point on the 

map represents the number of turbines in each wind farm, while the color indicates the type of land cover. The pie chart illustrates the proportion of each land cover 

type. The histogram illustrates the number of wind farms constructed annually from 2006 to 2020. (b) The average number of turbines in wind farms across each 1°

latitude band. 
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recipitation, evapotranspiration, LST, and NDVI. All these factors were
alculated by spatial averaging at each WF location for time-invariant
ariables and by temporal averaging over the time window for time-
arying variables, such as 50 m wind velocity, precipitation, evapotran-
piration, LST, and NDVI. 

.2.3. Decomposition of latitudinal variations of wind farm impacts 

There are significant variations of wind farm impacts across land
over types ( Qin et al., 2022 ), while the latitudinal distribution of land
over in China is characterized by more forests in the south and more
rasslands and barren lands in the north. To determine how land cover
istribution may contribute to latitudinal variations in wind farm im-
acts, we applied a decomposition method to separate latitudinal LST
mpacts into those induced by land cover distribution, by wind farms of
pecific land cover, and by their interactions across latitudes. Suppose
hat the mean ∆LST at latitude band lat, ( ΔLS Tlat ) can be represented
s the weighted mean of ∆LST of wind farms under different land cover
ypes ( ΔLS Tlat ,lc ) and the weights are the proportions of each land cover
ithin the latitude band lat ( 

∑
lc 
𝑅lat ,lc = 1 ) (Eq. (3) ). 

LS Tlat =
∑
lc 

(
ΔLS Tlat ,lc × 𝑅lat ,lc 

)
(3) 

here ΔLS Tlat ,lc is the mean ∆LST of wind farms of land cover type
c (lc ∈ (barren, croplands, grasslands, and forests)) at latitude band lat,
nd 𝑅 lat,lc is the proportion of land cover lc in all wind farms at the
atitude band lat. 

For a specific land cover type lc, ΔLS Tlat ,lc and 𝑅 lat,lc can be writ-
en as a mean value of all latitude bands and a deviation term at lati-
ude band lat ( ΔLS Tlat ,lc = ΔLS Tlc + 𝛿ΔLS Tlat ,lc ; 𝑅lat ,lc = 𝑅lc + 𝛿𝑅lat ,lc ).
q. (4) can be rewritten as: 

LS Tlat = 

∑
lc 

(
ΔLS Tlc × 𝑅lc + ΔLS Tlc × 𝛿𝑅lat ,lc +𝑅lc × 𝛿ΔLS Tlat ,lc 

+ 𝛿ΔLS Tlat ,lc × 𝛿𝑅lat ,lc 
)
lc 

∈ { barren , croplands , grasslands , forests } (4) 
4

ombining corresponding terms of land cover types yielded Eq. (5) with
LST at each latitude decomposed into four terms: 

LS Tlat = 

∑
lc 

(
ΔLS Tlc × 𝛿𝑅lat ,lc 

)
+

( ∑
lc 

(
ΔLS Tlc × 𝑅lc 

)

+
∑
lc 

(
𝛿ΔLS Tlat ,lc ×𝑅lc 

)
+
∑
lc 

(
𝛿ΔLS Tlat ,lc × 𝛿𝑅lat ,lc 

)) 

, lc 

∈ { barren , croplands , grasslands , forests } (5) 

Therefore, the latitudinal ∆LST can be decomposed to latitudinal
hanges induced by land cover distribution ( 

∑
lc 
(ΔLS Tlc × 𝛿𝑅lat ,lc ) ), and

he rest referring to non-land cover terms is the sum of 1) mean LST
mpact ( 

∑
lc 
(ΔLS Tlc × 𝑅lc ) = ΔLST ), 2) latitudinal changes induced by

atitude but not land cover type ( 
∑
lc 
(𝛿ΔLS Tlat ,lc × 𝑅lc ) ), 3) and their in-

eractions ( 
∑
lc 
(𝛿ΔLS Tlat ,lc × 𝛿𝑅lat ,lc ) ) (Fig. S3 in the Supplementary ma-

erials). 

. Results 

.1. Spatial distribution of wind farms and their characteristics 

A total of 675 wind farms with valid build years and LST and NDVI
alues were selected from 869 wind farm samples for our analysis. Ac-
ording to the build-year distribution, wind farms in China have expe-
ienced rapid growth since 2000, particularly after 2013, when 78 % of
ind farms were built. The wind farms were primarily located in eastern
hina, with larger farms concentrated in the northwest and few on the
ibetan plateau ( Fig. 1 a). Four land cover types were distributed among
ind farms, including forests (42.8 %) mainly in south China, grasslands

25.9 %) in the mountainous regions and the Mongolian Plateau, crop-
ands (24.6 %) in the North China Plain, and barren lands (5.0 %) in the
rid areas of Northwest China. The wind farm size, defined as the num-
er of turbines per farm, showed a latitudinal distribution, with larger
arms in the north and smaller ones in the south ( Fig. 1 b). 
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Fig. 2. Wind farm impacts on annual mean daytime (a) and nighttime LST (b) ( ∆LST) and their latitudinal variations (c, d). The insets in panels a and b show the 

histogram of ∆LST for 675 wind farms with mean values and percentages of positive (red) and negative (blue) values. Grey error lines in panels c and d represent 

the range from the 25th to 75th percentile at each latitude band. A Pearson correlation test is performed between latitude and the mean LST effect at each latitude. 
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.2. Impacts on land surface temperature 

Fig. 2 shows the diurnally asymmetric impacts of 675 wind farms
n LST in China, indicating significant nighttime warming effects, but
eak daytime effects. During the daytime, wind farms showed an annual
ean ∆LST of − 0.05 ± 0.48 °C ( p < 0.01; t -test), indicating an overall

ooling effect. However, the spatial pattern of daytime ∆LST was het-
rogeneous, with warming (positive ∆LST) and cooling (negative ∆LST)
ffects close in proportion (53.19 % vs. 46.81 %) and no significant lati-
udinal pattern ( r = 0.28, p = 0.093; Fig. 2 c). At night, the annual mean
LST was 0.06 ± 0.28 °C ( p < 0.01) across 675 wind farms, with pos-

tive ∆LST in 61.33 % of wind farms, indicating a predominant night-
ime warming effect. Spatially, nighttime ∆LST increased with latitude
 r = 0.43, p < 0.01; Fig. 2 d), suggesting a stronger warming in northern
hina. 

To investigate seasonal variations, we estimated ∆LST for spring
March to May), summer (July to August), autumn (September to
ovember), and winter (December to February), respectively. For day-

ime ∆LST, spring was the only season with a statistically significant
ooling effect (− 0.10 ± 0.89 °C, p < 0.01), while in the other three sea-
ons, the effects were not significant (Fig. S4 in the Supplementary ma-
erials). In contrast, nighttime warming effects on LST were significant
n most seasons, except summer (0.01 ± 0.48 °C, p = 0.44). Autumn had
he strongest warming effect of 0.11 ± 0.50 °C ( p < 0.01) ( Fig. 3 ), fol-
owed by winter (0.07 ± 0.57 °C, p < 0.01) and spring (0.06 ± 0.52 °C,
 < 0.01). The latitudinal pattern of nighttime ∆LST was most evident
n winter ( p < 0.01) (Fig. S5 in the Supplementary materials), indicating
 stronger warming effect at higher latitudes. 
a

5

Land cover strongly influenced wind farm’s effect on LST. The an-
ual mean nighttime ∆LST ranked as barren lands (0.25 °C) > crop-
ands (0.10 °C) > grasslands (0.07 °C) > forests (0.01 °C) ( Fig. 4 ). The
trongest warming in barren land persisted in four seasons (ranging from
.25 °C to 0.29 °C). Despite the overall minor LST impacts in summer
| ∆LST| ≤ 0.01 °C), wind farms in croplands (0.09 °C to 0.18 °C) and
rasslands (0.08 °C to 0.11 °C) showed significant warming in the other
hree seasons. For forest wind farms, the signs of impacts varied sea-
onally, from significant warming in autumn (0.10 °C) to weak cool-
ng in spring (− 0.02 °C) and winter (− 0.02 °C). This may be related
o the higher background surface roughness of forests, which produces
tronger turbulence than other land cover types, leading to weaker at-
ospheric stratification and, consequently, a weaker LST effect ( Kirk-
avidoff and Keith, 2008 ; Qin et al., 2022 ). 

.3. Impacts on vegetation 

Wind farm impacts on local vegetation were quantified using peak
DVI ( ∆NDVI). A noticeable overall decrease in peak NDVI with a mean
agnitude of − 0.006 ± 0.036 ( p < 0.01) was observed across all 675
ind farm samples ( Fig. 5 ), indicating an adverse effect on local vegeta-

ion probably due to vegetation removal by turbine installation and road
onstruction ( Li et al., 2024 ; Ma et al., 2023 ; Xia et al., 2025 ). Despite
he adverse effects of 56.4 % of wind farms, 43.6 % showed a positive
egetation effect, which could be related to vegetation recovery after
onstruction ( Li et al., 2024 ; Luo et al., 2021 ). Additionally, the spatial
istribution of vegetation impact was heterogeneous and did not show
 dependence on latitude ( r = - 0.12, p = 0.515). 
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Fig. 3. Seasonal variations of wind farm impacts on nighttime LST ( ∆LST) in spring (a), summer (b), autumn (c), and winter (d). 

Fig. 4. Annual and seasonal nighttime ∆LST of wind farms for different land cover types (barren, croplands, forests, and grasslands). Numbers with asterisks indicate 

statistical significance calculated using a t -test (∗ ∗ for p < 0.01, ∗ for p < 0.05, and no mark for p ≥ 0.05). Grey error bars represent the interquartile range. 
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The impacts of wind farms on local vegetation showed notable differ-
nces across different land cover types. The adverse vegetation impacts
ere particularly severe in forests ( ∆NDVI = − 0.0102, p < 0.01, 61.6 %
egative) and grasslands (− 0.0079, p < 0.01, 57.7 % negative) ( Fig. 6 a).
he greater vegetation loss was associated with the land cover’s high
DVI. With low background NDVI (0.0616), wind farms on barren land
aused an insignificant decrease in peak NDVI (− 0.0026, 61.8 % neg-
tive). Although croplands had a high background NDVI (0.4501), the
egetation effect was negligible (0.0006, 53.6 % positive). The weak
ositive vegetation effect on croplands may be related to rapid vege-
ation recovery, as crops are replanted annually, or to the use of crop
eld paths during wind turbine construction, which helps avoid vegeta-
ion removal. When the time window extends, ∆NDVI on barren lands
nd grasslands slightly declined while rapidly increasing on croplands
6

nd forests ( Fig. 6 b), indicating vegetation recovery since wind farm
onstruction. With a longest 17-year window, the negative impact on
orests was negligible. 

.4. Spatial variations of wind farm impacts and their influencing factors 

We conducted a correlation analysis to explore spatial variations in
ind farm impacts and their influencing factors ( Fig. 7 a). Correlations

or LST impacts were similar between nighttime and daytime ∆LST,
ut stronger at night. There were significant negative correlations be-
ween nighttime ∆LST and slope (− 0.11), altitude difference (− 0.10),
nd NDVI (− 0.09), suggesting weaker nighttime warming in wind farms
ith more complex terrain (characterized by higher altitude, larger al-

itude differences, and steeper slopes) and lusher vegetation. In partic-
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Fig. 5. Wind farm impacts on peak NDVI ( ∆NDVI). The insets show the histogram of ∆NDVI for 675 wind farms with mean values and percentages of positive 

(green) and negative (red) values. The ∆NDVI was calculated based on the average of MODIS Aqua and Terra satellite products. 

Fig. 6. Wind farm impacts on vegetation under different land cover types (a) and by different time window lengths (b). Asterisks in panel a indicate statistical 

significance using a t -test, with ∗ ∗ for p < 0.01, ∗ for p < 0.05, and no mark for the insignificant ones. Grey error bars in panel a represent the interquartile range. 

The line in panel b represents the average ΔNDVI of all samples under a specific time window length. The size of the scatter points in panel b represents the number 

of samples, ranging from 4 to 675. 

Fig. 7. Pearson correlations between wind farm impacts and environmental factors (a) and correlations of wind farm impacts among themselves (b). Environmental 

variables include turbine counts (Countturb ), 50 m wind velocity (V50m ), longitude (Lon), latitude (Lat), altitude (Altitude), altitude difference ( ∆Altitude) between 

WFs and NWF region, slope (Slope), precipitation ( P ), evapotranspiration (ET), annual LST (LST), and annual NDVI (NDVI). Asterisks indicate statistical significance 

using a t -test, with ∗ ∗ for p < 0.01, ∗ for p < 0.05, and no mark for the insignificant ones. 

7
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lar, the negative correlation with altitude indicates that LST decreases
ith increasing elevation ( Ghaderpour et al., 2024 ). This altitude depen-
ence means that wind farms located at higher elevations would show
eaker warming effects. Moreover, the high surface roughness of lush
egetation and the high background TKE in complex terrain dampen the
nfluence of turbine-induced roughness and turbulence, thus weakening
he warming effect ( Xia et al., 2016 ). The nighttime ∆LST also showed
ignificant negative correlations with evapotranspiration (− 0.12), pre-
ipitation (− 0.09), and LST (− 0.08), indicating the role of large-scale cli-
ate conditions, as wind farms had a stronger warming impact in cooler

nd drier climates. Since nighttime ∆LST (− 0.16) and most influencing
actors covaried with latitude, we used partial correlation, controlling
or latitude, and found that precipitation remained a significant influ-
ncing factor (− 0.08), while LST (0.10) shifted from a negative to a pos-
tive correlation (Table S3 in the Supplementary materials). Therefore,
recipitation emerged as a robust factor, indicating a stronger night-
ime warming effect in drier areas, such as the desert of northwestern
hina ( Liu et al., 2022 ). The quick decrease in the desert LST at night
ay create a more stable near-surface atmospheric layer, which favors

he formation of turbine-induced night warming ( Baidya Roy and Trai-
eur, 2010 ; Loriaux et al., 2017 ). 

For the vegetation effect, ∆NDVI showed significant negative cor-
elations with altitude (− 0.09), altitude difference (− 0.15), and slope
− 0.08), indicating wind farms in more complex terrain may lead to
reater vegetation decline. It may also be associated with the covaria-
ion between land cover type and topography. For example, forests are
ypically located in mountainous areas; wind farms built there would
ause a more significant decrease in vegetation ( Fig. 6 ). In contrast, wind
arms in barren lands, croplands, and grasslands were often located in
atter areas with high levels of human disturbance. The distribution of

and cover types contributes to spatial variations in wind farm impacts
s land cover covaries with geographical and climatic conditions. 

The impacts on vegetation and LST had interactions ( Fig. 7 b), as in-
icated by significant correlations between ∆NDVI and daytime ∆LST
− 0.18) and nighttime ∆LST (− 0.10). Vegetation decline may further
xacerbate warming at wind farms by reducing evapotranspiration cool-
ng. 

. Discussion 

.1. Comparison with the literature 

Our assessment of 675 wind farms provides a comprehensive view of
heir impacts in China, with an improved representativeness than previ-
us studies. We compared the wind farm impacts estimated in our study
ith those reported in the literature for the same location, based on re-
ote sensing ( Table 1 ). Our estimation was generally consistent with
ost reported wind farm impacts. Some discrepancies were expected in

he comparison because different wind turbine locations and quantifi-
ation methods were used. 

.2. Mechanisms of wind farm impacts 

Our analyses, based on a large sample of wind farms in China, re-
ealed prominent night warming impacts on LST in most seasons, except
ummer. In contrast, the significant daytime cooling effect was only
vident in spring (Fig. S4). These diurnally asymmetric LST impacts
esult from changes in land and atmosphere interactions induced by
ind farms. In general, wind turbines increase surface roughness ( Kirk-
avidoff and Keith, 2008 ). Operational wind turbines absorb the mo-
entum of the airflow and convert a small portion of it into turbulence

 Xia et al., 2016 ). This causes mixing in the atmospheric boundary layer,
hereby altering heat and moisture exchange between the land and the
tmosphere ( Armstrong et al., 2014 ; Baidya Roy and Traiteur, 2010 ;
hou et al., 2012 ). Consequently, the wind farm impacts on LST depend
8

n atmospheric conditions, including stability, wind speed, and turbu-
ent kinetic energy. Under stable atmospheric conditions (e.g., at night),
he blades bring higher-potential-temperature air from higher altitudes
o the surface, causing the surface to warm ( Zhou et al., 2012 ). The
trength of turbine-induced turbulence relative to the background tur-
ulent kinetic energy explains the diurnal and seasonal variations in LST
ffects ( Xia et al., 2016 ). During the daytime, the wind turbine mixing
ransports cooler air from above to the ground, but this is diluted by
he strong background TKE, resulting in a weak impact. Wind speed in
his study did not show a significant spatial relationship with the LST
ffect, possibly due to other confounding factors. Further investigation
an focus on the temporal relationship between wind farm impacts and
he vertical temperature profile to explore their dynamics at different
ime scales. 

Regarding the impacts on vegetation, approximately 56 % of the
75 wind farms in China have inhibited local vegetation, particularly in
orests and grasslands. The adverse effect on vegetation can be caused by
egetation removal during construction or by the microclimate changes
nduced by the wake effect (reduced wind speed) ( Diffendorfer et al.,
022 ). Vegetation removal is a more likely explanation, as the detected
egetation loss is mainly limited to the wind farm areas (Fig. S6 in the
upplementary materials). Since there is a close relationship between
ST and NDVI ( Ghaderpour et al., 2024 ; Mortier et al., 2024 ), a de-
rease in NDVI could, in turn, amplify wind farm-induced warming dur-
ng both day and night ( Fig. 7b ). Additionally, the coarse spatial reso-
ution of MODIS NDVI data (1 km) can mitigate the detected impact on
egetation. The vegetation impact was stronger (0.127–0.232 at the 0–
0 m buffer area) when using NDVI data at a 30 m resolution ( Ma et al.,
023 ). Over time, vegetation may recover from wind farm construction
nd show positive changes, as observed in 44 % of wind farms. 

.3. Contribution of land cover dependency in latitudinal variations 

The land-cover dependency is a prominent feature of wind farm im-
acts, reflecting complex and heterogeneous interactions between LST
nd land cover with different surface properties (e.g., roughness, albedo)
 Ghaderpour et al., 2024 ). For nighttime LST impacts, the night warm-
ng decreased from barren lands, croplands, and grasslands to forests,
imilar to the rankings of 319 wind farms in the United States (crop-
ands: 0.17 °C > grasslands: 0.11 °C > forests: − 0.01 °C, with the absence
f barren lands) ( Qin et al., 2022 ). The roughness changes caused by
ind farms relative to the underlying land cover correspond to the con-

equent LST impacts. For example, forests have higher roughness, and
ind farms built in forests exhibited weaker ∆LST because of smaller

oughness changes. In contrast, wind farms built on bare lands exhibited
he strongest warming, probably due to the largest roughness changes.
nother study of 76 wind farms in northern China found a higher warm-

ng in grasslands (0.141 °C) than in croplands (− 0.004 °C) ( Liu et al.,
023 ). The different rankings were likely due to the use of different
ind farm samples in each study. According to our results, differences

n night LST impacts between croplands and grasslands were insignifi-
ant (independent sample t -test, p = 0.338). Numerical model simula-
ions help clarify the mechanisms of how wind farm impacts vary under
ifferent land surface conditions ( Wang et al., 2019 ). 

Another key feature of wind farm-induced nighttime warming is the
atitudinal distribution. Fig. 2 d shows that the nighttime warming ef-
ects of wind farms increased significantly with latitude. Because of the
nter-dependence between latitude, wind farm impacts, and land cover
istributions (e.g., more barren lands and grasslands in the north, while
ore forests in the south) ( Fig. 8 a), the latitudinal pattern of nighttime

ST effects may result from the latitudinal distribution of land cover
ypes. We decomposed the latitudinal nighttime ∆LST into contributions
f land cover distribution ( Fig. 8 b) and other factors ( Fig. 8 c). The ∆LST
ontribution from land cover distribution exhibited evident latitude de-
endency ( p < 0.01), suggesting the latitudinal distribution of land cover
s the primary factor in the latitudinal ∆LST ( r = 0.54; Fig. 8 c) that is not
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Table 1 

Comparison of annual mean land surface temperature (LST) effects estimated in this study with the literature at the same wind farms. For studies 

including multiple wind farms, the average impacts within the spatial extent of our wind farms were calculated. 

Wind farms ∗ Time range Land cover 

∆LST in the literature ( °C) ∆LST in this study ( °C) 

Daytime Nighttime Daytime Nighttime 

Northern China (76 

farms)1 

2001–2018 

(growing season) 

Croplands, grasslands 0.060 0.111 0.051 0.111 

Northwestern China 

(16 farms)2 

2001–2018 Desert 0.250 ± 0.519 0.237 ± 0.146 0.109 0.206 

Zhangbei Plain3 2016 

(Apr, Jul, Oct, Jan) 

/ 0.15 0.3 0.10 0.23 

Guazhou, Gansu4 2005–2012 Barren Gobi Desert − 0.18 0.37 − 0.11 0.11 

Shangyi, Hebei5 2003–2018 Semi-arid prairie 0.37 (daily) 0.12 (daily) 

Shangyi, Hebei6 2001–2019 Croplands, grasslands − 0.58 0.46 0.13 0.11 

Inner Mongolia7 1990–2020 Forests, grasslands, 

croplands 

0.14 ± 2.34 0.23 ± 1.62 
0.05 ∗ 0.07 ∗ 

Inner Mongolia8 2003–2022 

(growing season) 

Grasslands − 0.032 ± 0.608 0.067 ± 0.206 

Bashang, Hebei9 2003–2014 Croplands, grasslands 0.45–0.65 0.15–0.18 0.25 0.13 

∗ If our study did not include the identical wind turbines, the mean impact was calculated from surrounding wind farms for comparison. If applicable, 

the reported range of wind farm impact in the literature is shown. References of each wind farm are noted as: 1 ( Liu et al., 2023 ), 2 ( Liu et al., 2022 ), 

3 ( Wang et al., 2019 ), 4 ( Chang et al., 2016 ), 5 ( Liu et al., 2021 ), 6 ( Luo et al., 2021 ), 7 ( Liu et al., 2024 ), 8 ( Su et al., 2024 ), 9 ( Tang et al., 2017 ). For 

the Shangyi wind farm in Hebei, the merged columns mean that only the daily average results are reported. 

Fig. 8. Attribution of the latitudinal distribution of wind farm impacts on nighttime LST. (a) Latitudinal distribution of land cover. (b-c) The decomposed latitudinal 

contribution of land cover (LC distribution) (b) and other non-land cover factors (c). 
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irectly included in the correlation analysis. ∆LST contributions from
ther factors combined were less important ( r = 0.31) ( Fig. 8 c). 

Wind farm characteristics, such as wind farm size as measured by
he number of turbines, were identified as an important factor in previ-
us studies ( Qin et al., 2022 ). Although night warming tends to increase
or larger wind farms, wind farm size was not a significant factor in our
orrelation analysis. This may be because most wind farms in this study
re relatively small in size (half of them are ≤ 35 turbines) (Fig. S7a
n the Supplementary materials). Further, wind farm size varied across
and cover types, potentially contributing to spatial variation (Fig. S7b).
or example, wind farms were generally large on barren land (average
ize = 259) but smaller in forests (average size = 53). When control-
ing wind farm size in small ranges, the nighttime LST impact in most
ases remained strong on barren land and weak on forests (Fig. S7c).
 t  

9

hese results demonstrate that wind farm size is not a major factor in
etermining the differences in LST impacts across different land cover
ypes. 

.4. Uncertainties and limitations 

There are uncertainties and limitations in quantifying wind farm im-
acts. The quantification method assumes similar background climate
hanges between wind farms and their adjacent 8–10 km buffer zone
nd attributes their differences to wind farm impacts. In reality, the va-
idity of this assumption may be affected by spatial heterogeneity and
emporal variability in climate change, as well as unaccounted local fac-
ors unrelated to wind farms. For example, the uneven spatial distribu-
ion of grazing activities in grasslands and the frequent changes in crop
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ypes and cropland management practices (such as irrigation and fer-
ilization) may confound the assumptions. Although the distance of 8–
0 km to WF is considered to be under minimal wind farm impacts, the
ownwind influence of some massive wind farms may extend beyond
–10 km, whose impacts could be underestimated in our analysis. 

We used only MODIS land cover data from 2019 to classify the dom-
nant land cover type for each wind farm, thereby omitting land cover
hanges and mixed land cover types. However, the omitted land changes
re expected to have a limited influence on our results because, within
he relatively short time window, the scattered land cover changes near
he wind farm and non-wind farm area would not be large enough to al-
er the primary land cover type and the LST temporal changes of the WF
nd NWF areas. Given the heterogeneous nature, confounding effects
rom secondary or mixed land cover would likely be canceled out when
veraging across turbines within an individual wind farm and across
he 675 wind farm samples. This is also the strength of a large-sample
nalysis, which reduces the influence of unobserved local factors. 

Uncertainties and observational errors exist in the data. The LST
roduct is available for clear-sky conditions. This means the estimated
ST impact applies only to sunny conditions, but not cloudy condi-
ions. Regarding spatial scale, the coarse spatial resolution of MODIS
DVI data may mask small-scale changes and underestimate vegeta-

ion change, as more substantial vegetation changes are observed using
andsat datasets with higher resolution ( Ma et al., 2023 ). To reduce the
ncertainty associated with relying on a single dataset, we compared
he wind farm impacts on annual mean LST, peak NDVI, and peak en-
anced vegetation index (EVI) from MODIS Aqua and Terra, obtaining
imilar results across the datasets (Table S4 in the Supplementary mate-
ials). Some differences were observed in the vegetation impact on grass-
ands: Aqua data showed a significant decline (− 0.011, 38.9 % positive,
 < 0.01), whereas Terra data showed no significant impacts (− 0.005,
3.4 % positive, p = 0.235). 

Wind farm construction is a continuous process spanning several
ears, with new turbines built annually. Since this study used wind tur-
ines identified in 2019, this dynamic process would affect the estimated
ind farm impacts within a 5-year window. To test the sensitivity of

he main results, we chose alternative window lengths ranging from 5
o 19 years and found that the conclusions were generally similar. The
ST impacts increased with a longer time window length (Table S5 in
he Supplementary materials), presumably due to the addition of newly
nstalled turbines in subsequent years. Regarding the impact on vegeta-
ion, the longer the time window, the weaker the adverse effects, sug-
esting vegetation recovery. These results indicate that the detection of
ind farm impact is influenced by the chosen time period, which may

xplain the different findings in the literature. 

. Conclusions 

This comprehensive assessment, based on 675 wind farms, provides
ew observational evidence on the impacts of wind farms on land sur-
ace temperature and local vegetation in China. Our results indicated
ignificant warming impacts on LST induced by wind farms at night
nd more heterogeneous and weaker impacts during the daytime. Wind
arms had an overall adverse impact on vegetation owing to infrastruc-
ure construction. Still, the declining vegetation may recover over time
n forests and croplands. Given the diverse land cover properties, such as
oughness or vegetation conditions, there were considerable differences
n wind farm impacts across land cover types. These differences included
he strong nighttime warming and minimal vegetation impact on barren
ands, versus the weak nighttime warming and intense vegetation loss
n forests. The wind farm-induced LST and vegetation impacts can re-
nforce each other. This impact interaction and land-cover dependence
ontribute to the heterogeneous spatial pattern of wind farm impacts,
hich neither wind farms nor environmental factors can fully explain.
ince our study focused on onshore wind farms, the impacts of the ex-
anding offshore wind farms still need to be explored. In the future,
10
emote sensing assessments like this can be combined with numerical
imulations to advance the mechanistic understanding of wind farm im-
acts, helping to inform the environmental consequences of wind en-
rgy development and guide the planning of renewable energy at low
nvironmental cost. 
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